Wild boar (Sus scrofa L.) reappeared in Flanders (northern Belgium) in 2006 after almost half a century of absence. Interactions between wild boar and human activities are frequent due to extensive fragmentation of the landscape in Flanders. Complaints about agricultural damage are increasing but the actual extent of crop damage remains unknown. The goal of this study was to assess the current risk and the spatial distribution of crop damage, as well as factors influencing damage distribution in the province of Limburg (eastern Flanders). An online survey was sent to farmers by email. Moreover, as we expected potential respondent bias towards farmers that already experienced damage, we also conducted a follow-up non-respondent check by telephone. Our study showed that the current crop damage probability on a farm lies between 42% (likely an overestimation due to respondent bias in the online survey) and 22% (an underestimation based on the non-respondent check). There is considerable geographical variation in the proportion of farms that report boar damage; probability for crop damage due to wild boar is relatively high for farmers in Limburg but shows a geographically heterogeneous spread. Factors explaining the crop damage probability differed strongly between the online survey and the non-respondent check and no consistent results could be found. Our results show that using the online survey, it was possible to get an initial insight in the geographical distribution of crop damage. However, as we found differences between the results of the online survey and the non-respondent check, taking management decisions based solely on online survey results without conducting a non-respondent check could lead to misguided actions.
Introduction
The success of many wildlife populations depends on their capacity to coexist with humans (CARteR & linell 2016) . Resolving human-wildlife conflicts is therefore seen as a major challenge for conservation (tReves et al. 2006) . Species that re-establish in their former distribution area can typically be a source of conflict due to human safety risks or damage to crops, livestock, buildings, infrastructure, gardens, cars, etc. (tROuWbORst 2010) . One such re-established species causing conflicts in Europe is the wild boar, Sus scrofa (Linnaeus, 1758; Mammalia, Chordata) . Wild boar populations have been increasing all over Europe since the 1960s (sAez-ROyuelA & tellARiA 1986; biebeR & RuF 2005; ACAveDO et al. 2007 ) and their expansion is still ongoing in most European countries (mAssei et al. 2015) . A combination of environmental and agricultural changes have triggered the revival of the wild boar, mainly due to 1-increased piglet survival due to rising winter temperatures and 2-a lower age of first reproduction and increased average litter size related to increasing food availability. The latter factor is caused by more frequent mast years, agricultural intensification, decrease of grasslands and an increase in rapeseed and maize cultivation (mAssei et al. 2015; mORelle et al. (2016) .
The return of wild boar to Flanders (the northern part of Belgium) since 2006, after more than half a century of absence, rapidly developed from a few sightings to a now settled population. This is in line with the observed expansion in the rest of Europe (sCHeppeRs et al. 2014) and is of interest because of the intense intertwinement of urbanised, agricultural and natural areas leading to close contact of wildlife with human activities. Flanders is currently one of the most densely populated areas in Europe (462 persons per km²) (linell et al. 2001) . Forests represent a mere 11.4% of the total surface area (CAsAeR & liCOppe 2010; DemOlDeR et al. 2014 ) and the dense road network (5.2 km/km²) results in highly fragmented natural areas.
The key to successful wildlife management is to include both ecological and human dimensions (keuling et al. 2016) into the decision making process in order to achieve positive impacts that are valued by all stakeholders (Riley et al. 2003) . This is particularly true for the management of conflict species such as wild boar. Wild boar impacts can result in large costs and can be unacceptable for multiple stakeholders, with crop damage (including rooting in grasslands) as the primary impact (CAHill et al. 2012) . In the Netherlands, France, Luxembourg and Wallonia (Southern Belgium), the economic impact of crop damage by wild boar can be large (sCHley et al. 2008; CARnis & FACCHini 2012; FAunAFOnDs 2014; WiDAR & luxen 2016) . In Flanders, compensation for wild boar damage is only paid by the authorities in the exceptional case where damage is done by wild boar originating from a nature reserve or forest where there is no hunting or culling program. In all other cases the hunter himself is responsible for paying for damage directly to the farmer. One of the consequences is that currently there is no centralised database covering damage paid annually. During annual meetings of wild boar management units, the need for better knowledge on the current extent of wild boar damage is stressed consistently by both farmers and hunters as well as nature administrators. Consequently there is an urgent need for a first assessment of current wild boar damage risk, its geographic distribution and factors driving it.
In this study, we aimed to assess: -the probability of a farmer suffering wild boar damage given the current distribution of wild boar in Flanders. -the spatial distribution of damage probability and factors influencing this distribution.
For this purpose, an online survey was implemented. Online surveys related to wildlife issues are used extensively as they can be easily implemented and they provide almost immediate results (stOne 1973; FReDeRik 1998; mOORe et al. 1999; ReiteR et al. 1999; lARD et al. 2002; signORille & evAns 2007; WHite et al. 2005) . Online surveys are also an inexpensive data-collection method (DuDA & nObile 2010; sextOn et al. 2011) and sending an online survey by email allows for flexibility as respondents can participate when it is convenient (evAns & mAtHuR 2005) . Moreover, online surveys allow for direct data transfer into databases, eliminating manual input from questionnaires (evAns & mAtHuR 2005; leFeveR et al. 2007 ). However, online surveys also present some drawbacks that call for caution.
Sample validity, respondent and stakeholder bias and unverified respondents could all lead to inaccurate, unreliable and biased results (WHite et al. 2005; DuDA & nObile 2010; evAns & mAtHuR 2005 , leFeveR et al. 2007 . Respondent bias occurs when the population of non-respondents differs from the respondent population. In this study respondent bias could have important consequences if farmers who had already suffered crop damage were more keen to respond than those that did not. Therefore we also conducted a non-respondent check.
Material and methods

Study area
At the onset of this study in 2015, the distribution of wild boar in Flanders was mostly limited to the province of Limburg (Fig. 1) 
Data collection
Online survey
The online survey was conducted in collaboration with Boerenbond, the largest cooperative farmers' organisation in Flanders, who provided farmer contact details. Of the 2824 farmers in Limburg (data STATBEL), 1282 are members of Boerenbond, 904 of whom had a known email address. Since we expected no correlation between damage probability, Boerenbond membership and whether or not an email address was known, we assumed the sampling population as representative for the total Limburg farmer population. In order to avoid an unverified responder bias, typically linked to an open access online survey, we sent farmers a personal invitation using their email-address to participate. All farmers with a known email address received the online survey invitation in March 2015. Reminders were sent after one and after two weeks to increase the response rate. The survey consisted of eleven questions (see Appendix) and was estimated to take about 10 minutes to complete. Only the answers to three questions (damage/no damage, municipality and farm size) were used for this research.
Non-Respondent check
In our study we acknowledged the possibility that farmers who had suffered crop damage would be more keen to respond than would those who had not. Moreover, a non-respondent check should always be conducted in cases where low response rates are expected (DuDA & nObile 2010; sextOn et al. 2011) . Therefore, for each of the 43 municipalities, we randomly selected three farmers among the non-respondents from the online survey, contacted them by telephone and asked two questions from the questionnaire used for this study (damage/no damage and farm size).
Statistical analysis
All analyses were performed using R software R CORE TEAM (2016).
Survey sample
A series of Kendal rank correlation tests were conducted. Firstly to control whether the distribution of the farmers who received the online survey matched the distribution over the different municipalities of the target population (all farmers of Limburg). Next, we tested the spatial representativeness of our respondents to the online survey by comparing the distribution over municipalities of respondents and the distribution of the entire Limburg farmer population. Also the distribution of farm sizes of the respondents was compared to the total distribution of farm sizes in the province of Limburg.
Damage probability and its spatial distribution
Damage probability was defined as the proportion of farms that had experienced damage over the total number of farms per municipality and these values were displayed on a map to visualise spatial patterns. We conducted a Chi-square test to see whether damage probability differed between those who answered the online survey and the participants of the non-respondent check.
Factors influencing crop damage probability
The following analyses were done both for the online survey and for the non-respondent check. Doing this parallel analysis, we were able to assess a potential respondent bias and its impact on our findings.
To explore the factors influencing crop damage probability, apart from farm size (which was included as an offset factor to account for size effects) and the random effect of municipality, four additional potential explanatory factors were selected (Table 1) .
Forest cover was included as wild boar is a forest-dwelling species (bRieDeRmAnn 1990). Previous research has also shown that forest cover influences wild boar distribution (mORelle et al. 2016) and serves as a good predictor of crop damage (FiCetOlA et al. 2014; lOmbARDini et al. 2016) . The percentage of arable land (agriculture cover) was included as it has been shown to be the most important factor next to population density and forest edge length in modelling crop damage probability (bleieR et al. 2012) . There are various suggested methods to estimate population densities of wild boar (FOCARDi et al. 2001 (FOCARDi et al. , 2002 mAssei et al. 1997; ACeveDO et al. 2007 ), however finding a reliable method to estimate population densities at the municipality scale remains difficult (sCHeppeRs & CAsAeR 2012; engemAn et al. 2013) . We therefore included both the number of years in which wild boar were shot in a given municipality over the period 2007 -2014 (sCHeppeRs et al. 2014 , and the number of wild boar shot in that period, as proxies for the abundance of wild boar. We consider these proxies as reliable given that no temporal or spatial variation of culling or hunting effort was expected, no quotas for wild boar hunting exist, no large areas are exempted from hunting, and hunting takes place year-round.
We screened these four potential factors for collinearity combining Variance Inflation Factors (VIF) (FOx & mOnette 1992) in which we allowed a maximum VIF value of 2 and a correlation of which we set the maximum at 0.7. This revealed that forest and agriculture cover were strongly negatively correlated. We opted to select forest cover in further analysis following the findings of (FiCetOlA et al. 2014; lOmbARDini et al. 2016) . The number of years in which wild boar were shot and the number of animals shot were also highly correlated. We opted to include the number of wild boar shot as a factor in the model based on the fact that the number of years wild boar were shot showed the highest VIF (VIF = 5.19). The remaining factors forest coverage and number of wild boar shot had VIF values below 2 and a correlation below 0.7.
We defined four linear mixed effect models for crop damage probability (Table 2 ). All models included farm size as an offset factor and the random effect of municipality. Model 1 was the null model in which no additional factors were included. In models 2 and 3 we additionally included forest cover or the number of wild boar shot respectively. Finally, in model 4, the full model, both forest cover and the number of wild boar shot were included.
AIC values (Akaike Information Criterion) Hu (2007) were used for model selection: in cases where the AIC values between two models differed by more than 2, the model with the lowest AIC values was selected as the best model. Effect size (mean divided by standard error) was calculated for each covariate in the final model. When the online survey and the non-respondent check would have comparable results, the AIC values should return the same a priori model, and the influence of covariates should be comparable.
Results
Survey sample
Of the 904 farmers contacted, 182 (20%) completed the online survey and an additional 122 farmers were contacted by telephone for the non-respondent check. The correlation coefficient between the spatial distribution of the total population of farmers over the different municipalities in Limburg and the one of the members of the Boerenbond who received the survey was 0.95 (p<0.001). The correlation coefficient between the total population of farmers and farmers who responded to the online survey was 0.65 (p<0.001). The distribution of farm sizes among the online survey respondents was not correlated with that of the total population of farmers (-0.84, p>0.05) as survey respondents included mostly smaller farm sizes.
Damage probability and its spatial distribution
We found that 42% (76 out of 182) of the respondents to the online survey reported damage, whereas only 22% (27 out of 122) of the non-respondents reported damage. Damage probability differed significantly between the two groups of respondents (online survey and non-respondent check) (chi- square test, p<0.001). Therefore, spatial distribution maps were made separately for the online survey and the non-respondent check (Fig. 2) . The highest reported damage prevalence was found in the north of the province of Limburg, according to both the online survey and the non-respondent check. Southern municipalities showed low to no damage probability.
Factors influencing crop damage probability
The model selection results are shown in Table 3 . For the online survey, model 3 (including number of boars shot) was the most informative (lowest AIC value); for the non-respondent check, this was the case for model 2 (including forest cover). However, in both cases, the difference in AIC-values with model 4 (combining farm size with both hunting and forest cover) was very small (<2) so the quality of that model is not significantly lower but model 4 showed forest cover to be non-significant for the online survey, and number of boars shot to be non-significant for the non-respondent check. Therefore, model 3 was selected as the best model for the online survey and model 2 for the non-respondent check.
Damage probability increases as farm size increases for both the model of the online survey and the nonrespondent check, confirming our size effect expectation (Table 4) . For the online survey the number of boars shot was positively correlated with damage probability. The model for the non-respondent check showed increasing damage probability with increasing forest cover.
Predictions based on the final models (for intermediate farm size (40-60 ha), Fig. 3) show that according to the model from the online survey, the predicted crop damage probability increases considerably with According to the model from the non-respondent check, the damage probability curve increases with forest cover.
Discussion
As the socio-cultural context of wildlife management has changed in recent decades (Riley et al. 2003) , successful wildlife management more than ever implies including both ecological as well as human dimensions (keuling et al. 2016) . With wild boar causing more and more human-wildlife conflicts in Flanders, there was a need for a fast and simple method to collect information on the most important impact: crop damage. By using an online survey we aimed to gain an initial overview of the actual damage levels and their spatial distribution in the province of Limburg, Flanders.
Damage probability according to the online survey was 42%, whilst the non-respondent check returned a lower damage probability of 22%. We assume actual damage probability to be situated between these two values. As we consider farmers who already suffered crop damage to be more keen to respond than those that did not-introducing a respondent bias-we believe that the online survey resulted in an overestimation. However, we also consider the non-respondent check to be an underestimation as the surveyed population of this non-respondent check is based on farmers who did not respond to the online survey and consequently excludes those farmers who already experienced and reported crop damage using the online survey.
We consider the correlation between the spatial distribution of the online survey respondents and of the total farmer population high enough to be spatially representative of the population of interest. Both the online survey and the non-respondent check show a clear spatial differentiation of the crop damage risk within the province with northern municipalities showing higher damage probabilities compared to southern municipalities. These findings illustrate the usefulness of an online survey -although generally overestimating damage probability-to get a quick scan of the actual spatial distribution of damage in a region when no other information sources are available. These results on spatial distribution of crop damage were therefore used in the research of Rutten et al. (2018) to delineate a study area in which damage cases were photographed to develop a drone based method to objectively assess damaged area in a field.
The online survey and the non-respondent check models resulted in divergent conclusions with respect to factors explaining the crop damage probability. According to the online survey the number of wild boar shot can best explain damage probability while forest cover was not included in the final model. However, the model of the non-respondent check showed a clear positive effect of forest cover on damage probability and the effect of the number of wild boar shot was not retained in the final model. These opposite findings made us conclude that our approach does not allow any reliable conclusions to be drawn for this question.
Possible explanations for the opposite findings of the models may be our small sample size on the one hand and the correlation between forest coverage and the number of wild boar shot on the other hand; or a combination of both elements. The relation between increasing wild boar numbers with increasing forest coverage has been found in previous studies (biebeR & RuF 2005; melis et al. 2006) . In our study, the correlation between forest coverage and number of wild boar shot was 0.68. Given that this value is smaller than the set threshold value of 0.7 used for eliminating variables from the model building, both variables were included as factors in the model selection. Regarding the small sample size, we needed email addresses and telephone numbers of farmers, thus the collaboration with farmers' organisation Boerenbond was essential. This resulted in a total of 904 email-addresses, equalling 32% of the total farmer population in Limburg. However, we only achieved a response rate of 20% for the online survey.
While the goal of surveys like ours is to collect information beneficial for efficient management of human-wildlife conflicts (bROWne-nunez & JOnkeR 2008), authors too often ignore the problem of respondent bias. According to a review on surveys in ecology by WHite et al. (2005) only 12.5% of surveys included any form of non-respondent check. Studies like that of bARkeR (1991) who did conduct such a check on the scope of hunter harvest of waterfowl in New Zealand, found that harvest estimates were about 20% higher according to respondents when compared to non-respondents; obviously, this can have large implications when bias is not accounted for when setting up survey-based harvest quotas. Potential consequences of not validating respondent bias also became clear in the present study: not only did factors influencing the spatial distribution differ between the online survey and the non-respondent check models, but we also found an overall higher damage probability according to predictions of the online survey model compared to the non-respondent check. This can lead to misguided conclusions and therefor misinformed decisions on management actions should they be based on these results only.
Conclusions
Using the online survey followed by a non-respondent check, we found clear spatial differentiation of crop damage risk within the province of Limburg; the online survey and the non-respondent check concurred in the geographic distribution of this risk. However we could not determine unambiguously the factors influencing damage probabilities as we found opposite results between the online survey and the non-respondent check. For future studies we recommend caution with the use of online surveys, certainly in cases where the risk for a low response rate is high. We suggest a focus on increasing sample size as much as possible. This can be achieved by providing rewards for completing the survey, persuading respondents that their responses will be used, providing frequent reminders, keeping the survey short or enhancing the survey with visual elements (nulty 2008; Deutskens et al. 2004 ). However, we want to stress that at all times a non-respondent check should be conducted to assess the validity of online survey results.
